Momentum strategies have historically delivered high Sharpe ratios and large positive alphas. However, returns to these strategies also display significant time-variation that is not very well understood. I show that expected momentum returns vary negatively and monotonically with the formation period return difference between past winners and losers, which I term the momentum gap. A one standard deviation increase in the momentum gap predicts a 1.29 percent decrease in the monthly momentum return after controlling for existing predictors. The momentum gap remains a significant predictor in out-of-sample tests. Conditional momentum strategies using the momentum gap yield substantially higher Sharpe ratios and lower skewness than the unconditional strategy. These findings are less consistent with the notion that past return proxies for the loading on a priced risk factor. I find evidence to support the alternative hypothesis that momentum is a mispricing phenomenon and that the momentum gap measures momentum arbitrage activity.
Introduction
The profitability of momentum strategies, as documented by Jegadeesh and Titman (1993) , is an important asset pricing anomaly because it implies high variability of marginal utility across states of nature and does not appear to compensate for systematic risk (Fama and French (1996) ). At the same time, returns to these strategies exhibit significant timevariation. While there is a large literature on the cross-sectional determinants of momentum profits, much less is understood about this time-variation.
1 In this paper, I identify a new and significant determinant of variation in expected momentum returns. I then use my results to shed light on the source of the anomaly.
Risk-based theories of momentum typically argue that stocks with higher past returns are more exposed to a risk factor. 2 Assuming that exposure to this factor carries a positive price of risk, past winners should have higher expected returns than past losers. However, momentum is a cross-sectional phenomenon. If a stock's past return proxies for its loading on the risk factor and the price of risk is constant, expected momentum returns should vary positively with the difference in returns between winners and losers in the prior period. In this paper, I test this hypothesis.
3
I find that expected momentum returns vary negatively with the formation period return difference between past winners and losers, which I term the momentum gap. The average adjusted return of my baseline momentum strategy varies monotonically from 2.23 percent per month, when the lagged momentum gap is small, to -0.13 percent per month, when the lagged momentum gap is large. The predictive power of the momentum gap remains economically and statistically significant after controlling for market return, market volatility, and market illiquidity. 4 Conditional on these controls, a one standard deviation increase in the momentum gap is associated with a 1.29 percent decrease in the monthly adjusted return of the momentum strategy. My regression-based tests employ a bootstrap methodology to ensure that the inferences are robust to the predictive regression biases highlighted in Stambaugh (1999) and Ferson, Sarkissian, and Simin (2003) . The momentum gap has significant predictive power for both the long and short legs of the momentum trade, thus ruling out that the results are driven by the infrequent yet large-scale reversals of past losers documented by Daniel and Moskowitz (2013) .
A recent emphasis in the return predictability literature is on the out-of-sample performance of predictors (Campbell and Thompson (2007) ; Welch and Goyal (2007) ). Even though momentum strategies are popular, to the best of my knowledge there is as yet no comprehensive study on the out-of-sample performance of momentum predictors. I examine the out-of-sample predictive power of the momentum gap and other predictors in the literature using the same method, time-period, and estimation frequency. Formal tests show that the momentum gap has significant out-of-sample predictive power. In fact, it delivers the highest out-of-sample R 2 among the predictors I examine. Conditional momentum strategies using the momentum gap in real time yield substantially higher Sharpe ratios and lower skewness than the unconditional strategy.
The fact that expected momentum returns vary negatively with the momentum gap does not necessarily imply that the existing risk-based theories are falsified, nor that risk can be ruled out as an explanation for momentum. However, it does suggest that if risk were to explain momentum, the price of the risk factor that drives momentum profits must vary through time. Chordia and Shivakumar (2002) document that momentum returns are strong in economic expansions but non-existent in recessions. This procyclical nature of expected momentum returns, though, remains an obstacle for risk-based explanations, which usually rely on a countercyclical price of risk.
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I set out three alternative hypotheses to explain the negative relation between expected (2013) . 5 See Liu and Zhang (2006) and Liu and Zhang (2013) .
momentum returns and the momentum gap. Hypothesis 1 is that the empirical relation is spurious. While robust in the panel of U.S. stocks, it is simply be the outcome of an elaborate data snooping process. Hypothesis 2 is that the momentum gap's predictive power is driven by its relation to the business cycle. Once macroeconomic variables known to predict returns are accounted for, the momentum gap will lose its predictive power. Hypothesis 3 is that momentum is a mispricing phenomenon and the momentum gap reflects the degree to which arbitrageurs are trading the strategy. A large momentum gap indicates the presence of many arbitrageurs and near-complete convergence of prices to fundamental values, thereby explaining why the trade is less profitable going forward.
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I find no evidence to support Hypothesis 1 or Hypothesis 2. Using a sample of international stocks from the 21 largest markets excluding the U.S., I find a negative country-specific relation between expected momentum returns and the momentum gap in 20 of the countries.
In 13 of these countries, the estimated coefficient is significant. In no country is the relation significantly positive. Moreover, in the U.S., where data is more readily available, I find that the momentum gap holds its predictive power in the presence of the dividend yield, default spread, term spread, short-term interest rate, and industrial production growth. In contrast, none of the macroeconomic variables can predict momentum returns after controlling for the momentum gap.
For Hypothesis 3, I find some evidence that the momentum gap measures strategylevel arbitrage activity for momentum. Using data on institutional investors and short sellers, I show that the momentum gap is significantly related to these groups' exposures to momentum. The momentum gap is higher when institutional investors hold more past winners than losers. Similarly, the momentum gap is also higher when aggregate short interest is higher among past losers than among past winners. In addition, using the change 6 Barberis, Vishny (1998), Daniel, Hirshleifer, and Subrahmanyam (1998) , and Hong and Stein (1999) provide behavioral explanations for momentum. Lou and Polk (2013) also propose a measure of momentum arbitrage activity. Their measure primarily works at a longer horizon (12 to 24 months) and is based on the high-frequency abnormal return correlation among stocks on which a typical momentum strategy would speculate.
in the momentum gap as a proxy for strategy-level capital flow, I find a positive performanceflow relationship. This is consistent with the idea that real-world arbitrageurs managing other people's money experience capital inflows after good performance.
7
Basic economic intuition suggests that, as more money is brought to bear against a given trading strategy, any abnormal returns it delivers must be reduced and eventually eliminated. Stein (2009)'s crowded-trade model agrees with this intuition, but argues that the elimination of abnormal returns does not necessarily imply a decrease in volatility unrelated to fundamentals. It is built on two key assumptions: 1) no individual arbitrageur knows exactly how much arbitrage capital is available in the aggregate at any point in time; and 2) for the trading strategy in question, arbitrageurs do not have an independent estimate of fundamental value. The model predicts that arbitrage activity can be destabilizing when trading becomes too crowded. Momentum is a classic example of this unanchored strategy. Consistent with the model's prediction, I find that subsequent momentum returns are more negatively skewed and leptokurtic when the momentum gap is large.
I also explore other implications of the momentum gap's predictive power. Moskowitz and Grinblatt (1999) argue that industry momentum drives individual stock momentum.
While the literature has documented a number of predictors for individual stock momentum, there is little evidence that industry momentum is predictable. A natural inquiry into the link between these phenomena, therefore, is whether the momentum gap can also predict industry momentum. This bears out in the data. Furthermore, the momentum gap is the only significant variable in a multivariate predictive regression for industry momentum that also includes market return, market volatility, and market liquidity as explanatory variables.
The momentum literature has documented significant cross-sectional heterogeneity in momentum profits. For instance, Hong, Lim, and Stein (2000) find that the profitability of momentum strategies declines with firm size, consistent with predictions of behavioral theories. Lee and Swaminathan (2000) document that momentum profits increase in trading vol-7 Such a positive performance-flow relationship is featured in many limits-to-arbitrage models. See, e.g., Shleifer and Vishny (1997) and Gromb and Vayanos (2010) .
ume, which they argue can help reconcile intermediate-horizon momentum and long-horizon reversal. I investigate the predictability of momentum for subgroups of stocks sorted by these characteristics using the momentum gap and find that its predictive power is pervasive. The momentum gap is a significant predictor in all subgroups sorted by size and trading volume.
A battery of additional tests confirms the robustness of my results. For example, the momentum gap essentially accounts for the evidence in Stivers and Sun (2010) that shorthorizon factor return dispersion (FRD) negatively predicts momentum. In multivariate regressions, the predictive ability of FRD is subsumed by the momentum gap. Using oneway sorts, I find that momentum returns are not significantly higher when FRD is low than when it is high. In two-way sorts, high FRD actually precedes high momentum returns when the momentum gap is small.
The remainder of the paper is organized as follows. Section 2 briefly reviews related literature. Section 3 describes the data and methodology. Section 4 establishes the main results, while Secton 5 explores interpretations of the results. Section 6 provides further analysis, including robustness tests. Section 7 concludes.
Related Literature
Momentum strategies buy past winners and sell past losers. Motivated by the observation that mutual funds tend to buy stocks that have recently increased in price, Jegadeesh and Titman (1993) systematically investigate the profitability of such strategies for U.S. common stocks. For each portfolio formation month t, they form portfolios based on cumulative stock returns from month t − J to t − 1 and hold them for K months. They examine strategies for J ranging from 3 to 12 months and K also ranging from 3 to 12 months. Using data from 1965 to 1989, they find that medium-term past winners significantly outperform past losers for all horizons considered and by as much as 1.49 percent a month.
Unlike a number of other anomalies examined, Fama and French (1996) find that their three-factor model cannot explain momentum profits. After controlling for the Fama and French (1993) factors, to which it is negatively correlated, momentum yields monthly alphas of 1.74 percent. This deepens the momentum puzzle. The inability of pre-existing asset pricing models to explain momentum has led researchers to add it as an additional risk factor (Carhart (1997) ).
Momentum does not seem to be a spurious result of data snooping as its effects are also present when other basis assets are used. Rouwenhorst (1998) documents momentum in developed markets stocks while Rouwenhorst (1999) finds evidence of momentum in emerging markets. Using a U.S. sample, Moskowitz and Grinblatt (1999) demonstrate that industry momentum strategies are just as profitable as individual stock momentum strategies. Together, Moskowitz, Ooi, and Pedersen (2012) and Asness, Moskowitz, and Pedersen (2013) show that momentum is also present in exchange traded futures contracts, cross-country equity index futures, cross-country bonds, currencies, and commodity futures.
There is an ongoing theoretical debate as to what causes momentum. Using a risk-based framework, Berk, Green, and Naik (1999), Johnson (2002) , and Sagi and Seasholes (2007) contend that past winners are riskier so that momentum is due to time-varying expected returns. On the other hand, a number of behavioral models based on well-documented psychological evidence also yield momentum as an implication. Barberis, Shleifer, and Vishny (1998 ), Hong and Stein (1999 ), and Grinblatt and Han (2005 propose investor underreaction to news as an explanation of momentum. De Long et al. (1990), Daniel, Hirshleifer, and Subrahmanyam (1998) , and Barberis and Shleifer (2003) argue that momentum could be the result of overreaction to information by market participants. This paper is closely related to several other papers in the literature that investigate the time series predictability of momentum returns. Cooper, Gutierrez, and Hameed (2004) argue that the extent to which investors are affected by psychological biases that cause momentum depends on the market state. Using a lookback window of three years, they show that the mean momentum profit following positive market returns is significantly higher than the mean momentum profit following negative market returns. Taking a hint from momentum returns in 2008 -2009 , Wang and Xu (2011 find that high market volatility forecasts low momentum profits. In contemporaneous work, Avramov, Cheng, and Hameed (2013) argue that market illiquidity negatively covaries with investor overconfidence and find that it is a useful predictor of momentum payoffs. While these papers provide valuable evidence on the predictability of momentum returns, my approach is different and can shed some light on the possible source of momentum profits. I explicitly control for these existing predictors in my statistical tests to ensure that the momentum gap is not subsumed by them.
In addition, a number of recent articles have explored the time-varying nature of the risk of momentum strategies. Daniel and Moskowitz (2013) study the infrequent episodes when momentum strategies experience strong and persistent strings of negative returns. They find that these "momentum crashes" are mostly the result of sharp reversals of past losers and are forecastable using a combination of market return and market volatility. In related research, Daniel, Jagannathan, and Kim (2012) demonstrate that a hidden Markov model in which the market moves between latent states can also forecast tail risk in momentum strategies. This paper shows that the momentum gap is another important variable that can forecast momentum crashes. In fact, the momentum gap is also effective in forecasting returns to the long leg of momentum strategies.
Data and Methodology
I obtain data from several sources to construct the main sample that runs from 1926 to 2012. I collect stock returns, dividends, trading volume, and the short-term interest rate from the Center for Research in Security Prices (CRSP). The Fama and French (1993) My formulation of the momentum strategy is standard (Fama and French (1996); Carhart (1997) ; Asness, Moskowitz, and Pedersen (2013) ). I start with all stocks listed on the NYSE, AMEX, and NASDAQ with share code 10 or 11. This eliminates closed-end funds, real estate investment trusts, American Depository Receipts, foreign companies, primes, and scores. To mitigate the impact of any microstructure biases, I exclude stocks with a price below $1 (penny stocks). At the beginning of each month t, stocks are sorted into ten deciles based on their cumulative returns from month t − 12 to t − 2 (the formation period) using NYSE breakpoints. The momentum strategy goes long a value-weighted portfolio of stocks in the top decile and sells short a value-weighted portfolio of stocks in the bottom decile. To correct returns for delisting bias, I use the adjustment procedure proposed in Shumway (1997) and Shumway and Warther (1999) when a stock's delisting return is missing in the CRSP dataset.
I consider two measures of the momentum gap that follow directly from the construction of the momentum strategy. The idea is to parsimoniously capture the formation period return difference between past winners and losers. The first measure (MomentumGap) is the difference between the 75th and 25th percentiles of the distribution of cumulative stock returns from month t − 12 to t − 2. The second measure (MomentumGap2 ) is the difference between the 90th and 10th percentiles of the distribution of cumulative stock returns from month t − 12 to t − 2. The first measure, MomentumGap, is preferred a priori because it is more robust to outliers.
I conduct both in-sample and out-of-sample tests of momentum return predictability at the monthly frequency in this paper. In-sample regression coefficients are estimated using ordinary least squares while their statistical significance is assessed using bootstrapped 9 FT Interactive is the original source of this data.
p-values. My bootstrap methodology is derived from the return predictability literature (Goetzmann and Jorion (1993); Baker, Taliaferro, and Wurgler (2006) ; Welch and Goyal (2007) ). It imposes the null hypothesis of no predictability and assumes the data generating process to be
where r denotes momentum return, for example, and x is a candidate predictor variable such as MomentumGap. µ and ρ are estimated by maximum likelihood using the full sample of observations. Both residuals u and v are saved for sampling. I then randomly choose the initial observation from actual data and proceed to generate 10,000 bootstrapped time series by drawing with replacement from the residuals. This bootstrap procedure preserves the autocorrelation structure of the predictor variable and the cross-correlation structure of the two residuals. It is therefore robust to the predictive regression biases studied in Stambaugh (1999) and Ferson, Sarkissian, and Simin (2003) .
By conducting out-of-sample tests, I ask whether the predictive regressions or the historical sample mean have delivered better out-of-sample momentum return forecasts. For both methods, the forecast for month t uses only data available up to and including month t − 1.
My out-of-sample statistics are defined as
where MSE A is the mean square error of the predictive regression (the alternative hypothesis), MSE N is the mean square error of the historical sample mean (the null hypothesis), T is the length of the sample period, k is the length of the training period (set to 30 months throughout this article), and p is the number of predictors in the regression. Panel E of Table 1 reports 12-month autocorrelations; it shows that all of the predictor variables are highly persistent. Persistent predictors effectively reduce the number of independent observations in the sample. Stambaugh (1999) shows that, when the regressor is persistent and its innovation is correlated with the regression disturbance, inference using ordinary least squares can be biased. In related research, Ferson, Sarkissian, and Simin (2003) warn that if returns are noisy realizations of an autoregressive expected return process, spurious regression bias of the variety studied by Granger and Newbold (1974) can arise in the presence of highly persistent regressors. Therefore, I employ simulations constructed so as to maintain the dynamics of regressions with persistent dependent variables in the in-sample tests.
Main Results
11 See, e.g., Cochrane (2007) and Welch and Goyal (2007) .
In-Sample Predictive Regressions
I focus on the Fama and French (1993) three-factor adjusted returns of the momentum strategy in the empirical analysis that follows because I want to distinguish novel predictability effects from well-known comovement.
12 The adjusted return is defined as the sum of α and the fitted value of t in the full-period regression
Using adjusted returns on the left hand side of predictive regressions also makes the bootstrap procedure used to compute p-values easier to interpret. Table 2 presents adjusted returns of the momentum strategy by the lagged momentum gap. I sort all months in the sample into quintiles according to the lagged momentum gap.
Following Stambaugh, Yu, and Yuan (2012) , I break down the momentum strategy to a long leg and a short leg. However, I define the long leg to be the strategy that buys past winners and sells the market portfolio, and the short leg to be the strategy that buys the market portfolio and sells past losers. The idea is that both legs should contribute positively to the overall profitability of the momentum strategy.
We see a negative and monotonic relation between adjusted momentum returns and the lagged momentum gap in Table 2 . When the momentum gap is small, momentum earns large alphas of 2.23 percent a month. On the other hand, when the momentum gap is large, momentum loses 0.13 percent a month. 13 The difference is 2.36 percent a month and significant at the 1 percent level. It is also interesting to note that while this relation is monotonic, it appears to be non-linear -the difference between quintile 1 and 2 is substantially smaller than the difference between quintile 4 and 5. This motivates a quadratic specification which I investigate in my out-of-sample tests.
12 See Cooper, Gutierrez, and Hameed (2004) and Stambaugh, Yu, and Yuan (2012) . The results are quantitatively similar if I use unadjusted returns as the dependent variables and control for contemporaneous factor returns instead. 13 We will later see that momentum returns are extremely left-skewed and leptokurtic during these periods.
I run predictive regressions of adjusted momentum returns on the predictor variables to control for competing effects. Table 3 presents the results. Each row contains the results from one regression. In Panel A, the dependent variable is the adjusted return of the momentum strategy. In Panel B and Panel C, the dependent variables are the adjusted return of the long and short legs of the momentum strategy, respectively.
As Panel A of Table 3 shows, momentum returns are highly predictable using the momentum gap. The p-values are consistently small. A one standard deviation increase in the momentum gap is associated with a 1.29 percent decrease (−0.12 × 10.76) in the monthly adjusted return of the momentum strategy. The sizable economic magnitude of the effect is also evident from the adjusted R 2 of 3.35 percent in Regression (1), which is extremely high for a predictive regression at the monthly frequency. 14 Compared to the results from Regression (2), the momentum gap alone has a higher adjusted R 2 than market return, market volatility, and market illiquidity combined. Regression (3) includes as regressors all of the predictor variables. The coefficient and the p-value of the momentum gap hardly change. In contrast, the effects of market return and market illiquidity are weakened.
Comparing Panel B and Panel C, we see that the momentum gap is a significant predictor for returns to both the long and short legs of the momentum strategy. This rules out that the results are driven by the infrequent yet devastating reversals of past losers that characterize momentum crashes. Its predictive power seems to be stronger for the short leg:
the coefficient is almost twice as large and the adjusted R 2 is more than 1 percent higher.
Interestingly, market return and market volatility cannot predict the long leg of momentum with or without the presence of the momentum gap. The literature has documented that many investors engage in momentum trading. 15 Most of these investors are long-only and do not have a mandate to sell stocks short. Results in these two panels, therefore, show that the momentum gap has bigger practical significance compared to market return and market 14 The adjusted R 2 is higher still if I use unadjusted returns as the dependent variables. 15 See, e.g., Grinblatt, Titman, and Wermers (1995), Nofsinger and Sias (1999) , and Wahal and Badrinath (2002) . volatility.
Out-of-Sample Tests
This paper has so far demonstrated a robust in-sample relation between expected momentum returns and the momentum gap. A recent emphasis in the return predictability literature is on the out-of-sample performance of predictors (Campbell and Thompson (2007) ; Welch and Goyal (2007) ), so a natural concern is whether this relation is stable enough to extend outof-sample. Evidence of out-of-sample predictive power would suggest that the momentum gap could potentially be used to form conditional momentum strategies that yield enhanced performance. That, in turn, could shed some light on explanations for momentum that attribute its high (unconditional) profits to compensation for bearing downside risk. Table 4 shows how well each of the predictor variables performs out-of-sample. The dependent variable in this subsection is always unadjusted momentum return because factor exposures used previously are calculated using the full sample and are not known in real time. Panel A of Table 4 provides the results when a linear regression specification is used to form conditional forecasts, i.e., momentum return is assumed to have a linear univariate relation with the lagged value of the variable. We observe in Table 2 a non-linear relation between momentum returns and the lagged momentum gap. Therefore, I examine a quadratic regression specification in Panel B.
16 In each month after the training period (the first 30 months of the sample), I calculate the forecast errors for both the historical sample mean and the regression forecast (the regression coefficients are estimated using only data available up to that point). These forecast errors are then used to compute the out-of-sample statistics according to Equation (2).
The results reveal that the momentum gap has robust out-of-sample forecasting power.
With a linear specification, it achieves an out-of-sample R 2 of 0.58 percent and a RMSE improvement of 0.03. McCracken (2007)'s MSE-F test shows that this is significant at the 1 percent level. By way of comparison, Welch and Goyal (2007) report that, for return on the S&P 500 index at the monthly frequency, the highest out-of-sample R 2 achieved is 0.22 percent by the term spread. 17 For the existing predictors, market return and market illiquidity also show significant out-of-sample performance. Market return is significant at the 10 percent level while market illiquidity is significant at the 1 percent level. With a quadratic specification, the momentum gap dominates the existing predictors, regardless of which specification they use. Consistent with Cooper, Gutierrez, and Hameed (2004), market return shows better performance with a quadratic specification and achieves an outof-sample R 2 of 0.5 percent. Market volatility, on the other hand, does not deliver positive out-of-sample performance in either case.
I formulate two simple conditional momentum strategies that exploit the momentum gap's predictive power in real time and Figure 2 illustrates the results. WML represents the conditional strategy that takes a position in momentum at the beginning of month t unless the momentum gap is ranked in the top quintile. WML ♠ represents the conditional strategy that takes a position in momentum at the beginning of month t unless a negative return is predicted in a quadratic predictive regression using the momentum gap. Both conditional strategies use an expanding look-back window with an initial length of 30 months.
Performance of the two conditional momentum strategies deepens the momentum puzzle.
Both strategies deliver economically significant improvement in the Sharpe ratio and downside risk. For example, WML yields a Sharpe ratio that is more than 50 percent higher (0.79 vs. 0.52) and a skewness that is substantially lower (-2.51 vs. -6.33) than the unconditional momentum strategy. Harvey and Siddique (2000) argue that conditional skewness is an economically important determinant of the cross-sectional variation of expected returns, and that it could help explain momentum profits. The evidence presented here, however, seems to suggest that high profitability does not have to go hand in hand with high down-17 See Table 3 of their paper for details.
side risk for the momentum strategy. In related research, Barroso and Santa-Clara (2013) use a different approach and show that the risk-managed momentum strategy has a Sharpe ratio that is almost twice as high as the unconditional momentum strategy. In untabulated analysis, I find that my approach using the momentum gap can be profitably combined with Barroso and Santa-Clara's risk management method to enhance the momentum strategy.
Overall, I do not find a positive relation between expected momentum returns and the momentum gap. To the contrary, I find the relation to be negative, monotonic, and significant. The predictive power of the momentum gap uniformly exceeds that of competing variables and holds up out-of-sample. It would be useful to understand what drives this puzzling relation. I address this issue in depth in the next section.
Interpreting the Results
Consider a risk-based model of momentum in which returns are generated by the following factor structure
where β i,j is the loading of firm i on factor j and f j,t is the return on factor j at time t. In this equation I separate out θ i,t−1 , firm i's loading on the growth factor, and f G,t , the return on the growth factor at time t. In this factor pricing model, expected returns are a linear function of all factor loadings:
Here, firm i's past return proxies for θ i,t−1 , the loading on the growth factor. The premium associated with the growth factor, λ G , is positive, meaning that firms that load on the growth factor, i.e., past winners, earn a positive risk premium.
This simplified model is consistent with the theoretical work of Berk, Green, and Naik (1999), Johnson (2002) , and Sagi and Seasholes (2007) , as well as Liu and Zhang (2006) 's interpretation of these models. In particular, Liu and Zhang argue that the growth rate of industrial production is a priced risk factor that captures growth-related risk. They find that past winners have temporarily higher loadings on this factor than past losers. Moreover, they show that in many specifications, this macroeconomic risk factor explains more than half of momentum profits.
If the price of the growth factor is constant, this model implies that expected momentum returns should vary positively with the difference in returns between winners and losers in the prior period, i.e., the momentum gap. The estimate for b should be positive in the
where r
is the adjusted return of the momentum strategy, θ W t−1 is a measure of the winners' past returns, and θ L t−1 is a measure of the losers' past returns. However, the empirical facts presented in Section 4 are at odds with this hypothesis. This suggests that, if risk were to explain momentum, the price of the growth factor must vary through time. Chordia and Shivakumar (2002) document that momentum profits are strong in economic expansions but are non-existent in recessions. This procyclical nature of expected momentum profits, though, remains elusive for many risk-based models that rely on a countercyclical price of risk.
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There are nevertheless several plausible explanations for the results:
18 See Liu and Zhang (2006) and Liu and Zhang (2013) .
Hypotheis 1. The negative relation between expected momentum returns and the momentum gap, found in the database of U.S. stocks, is spurious. It is simply be the result of an elaborate data snooping process.
Hypotheis 2. The momentum gap, as a measure of the cross-sectional dispersion of stock returns, is driven by the macroeconomy. Its predictive power for momentum returns is subsumed by business cycle variables known to predict returns.
Hypotheis 3. Momentum is a mispricing phenomenon, and as such, attracts arbitrageurs.
The momentum gap measures the degree to which these rational speculators are trading the strategy. A large momentum gap indicates near-complete convergence of prices to values, thereby explaining why the trade is less profitable in the future.
In the remainder of this section, I examine the evidence for each of these hypotheses.
Data Snooping
One explanation for the results is that they are spurious. The data snooping story predicts that in out-of-sample tests, the momentum gap will fail to predict momentum returns. Italy, Japan, the Netherlands, New Zealand, Norway, Portugal, Singapore, Spain, Sweden, Switzerland, and the United Kingdom. Table 5 presents the results. For each country and each month, stocks above the median market capitalization are sorted into five quintiles based on their cumulative returns from month t − 12 to t − 2. Each country-specific momentum strategy goes long an equallyweighted portfolio of stocks in the top quintile and sells short an equally-weighted portfolio of stocks in the bottom quintile. I adjust these country-specific momentum returns using the regional Fama and French (1993) factors described in Fama and French (2012) . I calculate the country-specific momentum gap measures in a way similar to my U.S. measure and run a univariate predictive regression for each country.
The evidence suggests that the U.S. evidence is unlikely to be simply due to chance. 20 of the 21 point estimates are negative and 13 of them are significant at the 5% level. The magnitude of the point estimates are similar to that from the U.S. sample. For example, the coefficient in the U.K. is also -0.12. The point estimate is positive only in New Zealand but it is not statistically significant.
Macroeconomic Risk
The momentum gap is also a measure of the cross-sectional dispersion of stock returns, albeit over a unique horizon -past one year skipping the most recent month. While it is not a standard macroeconomic variable, we see in Figure 1 that it varies through the business cycle. Chordia and Shivakumar (2002) argue that intertemporal variations in macroeconomic factors (and presumably risk) are the main sources of momentum profits. They show that a standard set of macroeconomic variables can predict momentum returns. 22 The macroeconomic story predicts that, once macro variables known to predict market returns are accounted for, the momentum gap will lose its predictive power. spread, term spread, and short-term interest rate. The growth rate of industrial production is featured prominently in Liu and Zhang (2006) so I include it as well. For the purpose of comparison, I repeat the results from Table 3 when the momentum gap is the sole predictor.
Standard macroeconomic variables do not seem to be able to drive out the momentum gap's predictive ability. In Panel A, where the dependent variable is adjusted momentum return, the coefficient on the momentum gap drops slightly but remains highly significant. On the other hand, neither the dividend yield, default spread, term spread, short-term interest rate, nor the growth rate of industrial production show significant relation to expected momentum return in the presence of the momentum gap.
Mispricing and Arbitrage
Behavioral patterns underlie the models by Barberis, Shleifer, and Vishny (1998) , Daniel, Hirshleifer, and Subrahmanyam (1998) , and Hong and Stein (1999) , who focus on imperfect formation and revision of investor expectations in response to new information. In these models, momentum profits are the result of mispricing by less sophisticated market participants. Theories of efficient markets that go back to Friedman (1953) argue that arbitrageurs will quickly come in and these profits will dissipate. However, these deviations from fundamental value may persist because of frictions that limit arbitrage activities (Shleifer and Vishny (1997) ). Furthermore, Stein (2009) shows that arbitrageurs can be destabilizing when the trade gets crowded.
In this view, the momentum gap is a measure of arbitrage activity for the momentum trade. When arbitrageurs buy past winners and sell past losers, their trades systematically impact asset prices and are reflected in the momentum gap. A large momentum gap indicates the presence of many arbitrageurs and fairly complete convergence of asset prices to fundamental values so the trade is less profitable going forward. 23 We do not see a strong trend in the momentum gap in Figure 1 . This might seem to be inconsistent with the casual observation that the professional arbitrage industry has grown tremendously over the last 30 years. However, the stock market has also grown much more liquid over this period so it is conceivable that momentum traders' market impacts have stayed relatively constant.
To relate the momentum gap to momentum arbitrage activity, I introduce two variables that proxy for sophisticated investors' exposures to momentum. The first variable is the difference in aggregate institutional ownership between past winners and losers. Gompers and
Metrick (2001) document that large institutions have been playing an increasingly important role in the stock market. Some of them are known to employ momentum strategies (e.g., Grinblatt and Titman (1989) ). This measure would capture the extent to which institutional investors are pursuing the momentum strategy. Instead of just the institutional ownership of past winners, this identification uses both the tendency of momentum strategies to bet on winners and bet against losers. One drawback to the institutional ownership data is that only long positions are included while momentum is a long-short strategy. To remedy this, I use the difference in aggregate short interest between past losers and winners as a complementary variable. 24 This is arguably a better proxy than the institutional ownership variable because intuitively only the more skilled institutional investors sell stocks short.
Panel A of Table 7 presents results from time series regressions of the form
In Regression (1), the dependent variable is the momentum gap. In Regression (2), the dependent variable is the residual momentum gap, which is purged of the influences of the existing momentum predictors as well as business cycle variables examined earlier.
The evidence is generally supportive of the idea that the momentum gap captures momentum arbitrage activity. More institutional capital invested in the momentum trade enlarges the momentum gap. Consistent with the view that short sellers form a more elite subset of institutional investors, the short interest variable shows stronger effects. Furthermore, when the dependent variable is the residual momentum gap, which should better reflect the possible effects of arbitrage trading, both independent variables show higher statistical significance. This makes it less likely that the results are driven by the business cycle. In analyses not reported, neither of my proxy variables trends, thus ruling out spurious regression bias as a driver of my results. The results show that changes in the momentum gap strongly follow momentum profits.
Each percentage point of momentum profits is associated with 0.19 percent increase in the momentum gap. On the other hand, the market return variable is not significant. Nevertheless, these two variables together explain more than 27 percent of the variations in changes in the momentum gap. The literature has found little evidence that momentum profits forecast changes in economic activity (Liew and Vassalou (2000)). We see here that momentum return can significantly predict changes in a measure of the cross-sectional dispersion of stock returns.
I also investigate an implication of Stein (2009) Consistent with the idea that a large momentum gap indicates crowded momentum trading, Table 8 shows that momentum returns have the largest departure from normality when the momentum gap is large. On the other hand, when the momentum gap is small, the skewness in momentum return is only -0.26, which is comparable to the unconditional skewness of market return.
6 Additional Analysis
Industry Momentum
In addition to individual stock momentum, I also consider industry momentum, where the basis assets are industry portfolios instead of individual stocks. Moskowitz and Grinblatt (1999) identify industry momentum as an important source of individual stock momentum profits. 25 I am not aware of evidence in the literature that shows industry momentum is predictable, but I investigate here whether the underlying mechanism that drives the momentum gap's predictive ability for individual stock momentum is also present for industry momentum.
Following Fama and French (1997) , each stock in my sample is assigned to a valueweighted industry portfolio at the end of June each year based on its four-digit SIC code at that time. At the beginning of each month t, these industries are sorted into five equalweighted portfolios based on their cumulative returns from month t − 12 to t − 1. I do not skip the most recent month in the formation period because, as shown in Moskowitz and Grinblatt (1999) , industry portfolios do not exhibit reversals in the short-term (at the one-month horizon) as individual stocks do. 26 Table 9 repeats the predictive regressions from Table 3 with adjusted returns of the industry momentum strategy as the dependent variables.
Even though industry momentum is less profitable than individual stock momentum in my sample, 27 its expected returns vary substantially with the momentum gap. The p-values are consistently small, though not as small as those in Table 3 . A one standard deviation increase in the momentum gap is associated with a 0.65 percent decrease (−0.06 × 10.76) in the monthly adjusted return of the industry momentum strategy. This economic magnitude is about half as large as for individual stock momentum. The adjusted R 2 of 1.65 percent is still sizable for a predictive regression at the monthly frequency. In contrast, neither market return, market volatility, nor market illiquidity shows any predictive ability for industry momentum.
Cross-Sectional Heterogeneity
The large momentum literature has documented significant cross-sectional heterogeneity in momentum profits. For example, Hong, Lim, and Stein (2000) find that the profitability of momentum strategies declines with firm size, consistent with predictions of behavioral theories. Lee and Swaminathan (2000) document that momentum profits increase in trading volume, which they argue can help reconcile intermediate-horizon "underreaction" and longhorizon "overreaction" effects. In this subsection, I examine time-variation in expected momentum returns for subgroups of stocks sorted by these characteristics. The motivation for this analysis is twofold. First, if time-variation in momentum profits is in part driven by the amount of arbitrage capital brought to bear against the strategy, then there is reason to believe that the effect would be stronger for large, liquid stocks. Second, the fact that there is substantial cross-sectional heterogeneity in unconditional momentum returns raises the question of whether my main results are driven entirely by a subset of stocks.
26 See Jegadeesh (1990) and Lehmann (1990) . 27 Its average adjusted return is 1.06 percent per month versus individual stock momentum's 1.75 percent. Table 3 with adjusted returns of the momentum strategy formed across trading volume groups as the dependent variables. Following Lee and Swaminathan (2000), stocks are sorted independently into three trading volume groups (Low, Medium, and High) and momentum quintiles.
The results in these tables clearly show that the predictive power of the momentum gap is pervasive across size and trading volume groups. There is very little evidence of cross-sectional heterogeneity in the relation between expected momentum returns and the momentum gap -the coefficients and p-values are surprisingly similar across the groups.
In contrast, none of the competing variables is consistently significant at the 1% level. For instance, market illiquidity cannot predict momentum in small stocks with or without the presence of the momentum gap. Table 12 investigates variations to my empirical methodology to ensure that my central result relating the momentum gap and subsequent momentum returns is robust. I mainly repeat the predictive regressions from Table 3 under alternative scenarios. Unless a control is specified, the momentum gap is the only predictor variable, so only its coefficients and p-values are shown. For comparison, the first row shows the baseline results that are also reported in Table 3 . A one standard deviation increase in the momentum gap is associated with a 1.29 percent decrease (−0.12×10.76) in the monthly adjusted return of the momentum strategy. We can reject the null hypothesis that this effect is zero as the associated p-value is significant at any conventional level.
Robustness Tests
Row 2 and row 3 show the results of the same analysis for two halves of the sample period (1927-1969 and 1970-2012) . We see that the predictive power of the momentum gap is robust. It is significant in both subperiods, each of which spans more than 40 years. The result is stronger in the second subperiod, with the coefficient more than twice as large as the coefficient in the first subperiod. This is consistent with the intuition that sophisticated investors such as hedge funds and momentum trading by these specialists have become significantly more prominent over the last 40 years.
In row 4, I consider the case when observations from 1932 and 2009 are excluded. As documented by Daniel and Moskowitz (2013) , momentum experiences the biggest crashes in those two years, mainly driven by reversals of past losers. Therefore, it is reassuring to see that while the magnitude of the coefficients are smaller, the momentum gap has significant predictive power outside of the biggest momentum crashes.
Row 5 includes results where past winners and losers are redefined to be stocks in momentum deciles 9 and 2, respectively. The magnitude of the coefficients are smaller, consistent with the idea that momentum traders focus their attention on the extreme winners and losers. I examine the momentum gap's predictive ability for the risk-managed momentum strategy as documented by Barroso and Santa-Clara (2013) in row 6. Interestingly, the coefficients on the long and short legs become much more balanced.
In Row 7, I control for the VIX, which restricts the sample period to 1990-2012. The momentum gap is still significant at the 5% level. The magnitude of the coefficients are similar to those in row 3, which covers a somewhat similar sample period. In row 8, I
similarly control for factor return dispersion, as constructed by Stivers and Sun (2010) . The coefficients of the momentum gap are not adversely affected at all; in fact, they become slightly larger.
The results on the last row of Table 12 deserve more attention. While testing Zhang (2005)'s theory of the value premium, Stivers and Sun (2010) nevertheless find that factor return dispersion (FRD) can negatively predict momentum returns. Their main measure is the three-month moving-average of the cross-sectional standard deviations of returns across the 100 Fama-French portfolios formed on size and book-to-market. They attribute this predictive ability to FRD's role as a countercyclical state variable. While they are motivated by risk-based theories, they do not make the observation that the procyclical nature of momentum profits remains a challenge to these theories.
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By construction, the momentum gap is mechanically related to FRD -they are both measures of the cross-sectional dispersion of stock returns. The momentum gap focus on the intermediate horizon, which, as documented by Jegadeesh and Titman (1993) , is the horizon at which return continuation works. FRD, as constructed by Stivers and Sun (2010) , focus on the one-month horizon though they always smooth it by calculating a moving-average.
In the multivariate predictive regressions in row 8 of Table 12 , the momentum gap drives away all of FRD's predictive ability. Nevertheless, I use the more robust sorting method to investigate FRD in Table 13 .
In Panel A of Table 13 , I repeat the analysis in Table 2 using FRD as the sorting variable. We see that the relation between adjusted momentum returns and lagged FRD is highly non-linear. The average adjusted momentum return is highest at 2.58% per month in FRD quintile 2. It drops to 1.41% in quintile 3, but increases to 1.48% in quintile 4.
As a result, the Small-Minus-Large difference is only 1.23% and not statistically significant.
By comparison, the Small-Minus-Large difference when the momentum gap is the sorting variable is about twice as large at 2.36% and statistically significant at any conventional level.
I perform a two-way sort in Panel B. I first sort the months in my sample using the momentum gap into three groups (Small, Medium, and Large). Then I further sort the months within these groups using FRD into five groups. 29 I am effectively testing for FRD's predictive ability after controlling for the momentum gap. Similar to the results I obtain from the multivariate predictive regressions, there is no evidence of FRD's predictive ability for momentum returns in the presence of the momentum gap. In fact, when the momentum 28 See Liu and Zhang (2006) and Liu and Zhang (2013) . 29 The results are similar for other numbers of groups and are not shown for brevity.
gap is small, high FRD actually precedes high momentum returns.
Conclusion
In this paper, I test a simple hypothesis derived from risk-based theories of momentum, namely that expected momentum returns vary positively with the formation period return difference between past winners and losers. I term this measure the momentum gap and I find that it negatively predicts momentum returns. A battery of robustness tests confirms this main result. These findings are therefore less consistent with the notion that a stock's past return proxies for its loading on a priced risk factor.
I find evidence to support the alternative hypothesis that momentum is a mispricing phenomenon and that the momentum gap reflects the degree to which arbitrageurs are trading the strategy. A large momentum gap indicates the presence of many arbitrageurs and near-complete convergence of prices to fundamental values, thereby explaining why the trade is less profitable going forward. Using the change in the momentum gap as a proxy for strategy-level capital flow, I document a positive performance-flow relationship.
Furthermore, I find that when the momentum gap is large, the unanchored momentum trade exhibits significantly heightened instability. This is consistent with the crowded-trade model of Stein (2009) . The momentum gap could therefore also be a useful policy tool for detecting systemic risks in real time.
Figure 1: Measures of the Momentum Gap
This figure shows the standardized time series of two momentum gap measures. MomentumGap is the difference between the 75th and 25th percentiles of the distribution of cumulative stock returns from month t − 12 to t − 2. MomentumGap2 is the difference between the 90th and 10th percentiles of the distribution of cumulative stock returns from month t − 12 to t − 2.
Figure 2: Unconditional vs. Conditional Momentum Strategies
This figure compares the Sharpe ratios and skewness of the unconditional momentum strategy and two conditional strategies based on the momentum gap. At the beginning of each month t, stocks are sorted into ten portfolios based on their cumulative returns from month t − 12 to t − 2. WML represents the momentum strategy, which buys past winners and sells past losers. The momentum gap is the difference between the 75th and 25th percentiles of the distribution of cumulative stock returns from month t − 12 to t − 2. WML represents the conditional strategy that takes a position in WML at the beginning of month t unless the momentum gap is ranked in the top quintile. WML ♠ represents the conditional strategy that takes a position in WML at the beginning of month t unless a negative return is predicted in a predictive regression using the momentum gap. Both conditional strategies use an expanding look-back window with initial length of 30 months. The sample period is 1926 to 2012. This table presents summary statistics for the main predictor variables. MomentumGap is the difference between the 75th and 25th percentiles of the distribution of cumulative stock returns from month t − 12 to t − 2. MarketReturn is the lagged three-year return on the CRSP value-weighted index. MarketVolatility is the lagged three-year monthly return volatility of the CRSP value-weighted index. MarketIlliquidity is the lagged value-weighted average of the Amihud (2002) Fama and French (1993) three-factor adjusted returns of the momentum strategy by the lagged momentum gap. At the beginning of each month t, stocks are sorted into ten portfolios based on their cumulative returns from month t − 12 to t − 2. "Long+Short" represents the momentum strategy, which buys past winners and sells past losers. "Long" represents the long leg of the momentum strategy, which buys past winners and sells the market portfolio. "Short" represents the short leg of the momentum strategy, which buys the market portfolio and sells past losers. MomentumGap is the difference between the 75th and 25th percentiles of the distribution of cumulative stock returns from month t − 12 to t − 2. All returns are in logs. The adjusted return is defined as the sum of α and the fitted value of t in the full-period regression in Equation (3). t-statistics are in parentheses. Two-sided bootstrapped p-values are in brackets. The sample period is 1926 to 2012. 
At the beginning of each month t, stocks are sorted into ten portfolios based on their cumulative returns from month t − 12 to t − 2. MomentumGap is the difference between the 75th and 25th percentiles of the distribution of cumulative stock returns from month t − 12 to t − 2. MarketReturn is the lagged three-year return on the CRSP value-weighted index. MarketVolatility is the lagged three-year monthly return volatility of the CRSP value-weighted index. MarketIlliquidity is the lagged value-weighted average of the Amihud (2002) stock-level illiquidity measure for all NYSE and AMEX stocks. In Panel A, the dependent variable is the Fama and French (1993) three-factor adjusted return of the momentum strategy, which buys past winners and sells past losers. In Panel B, the dependent variable is the adjusted return of the long leg of the momentum strategy, which buys past winners and sells the market portfolio. In Panel C, the dependent variable is the adjusted return of the short leg of the momentum strategy, which buys the market portfolio and sells past losers. The adjusted return is defined as the sum of α and the fitted value of t in the full-period regression in Equation (3). Two-sided bootstrapped p-values are in brackets. The sample period is 1926 to 2012. (2007) . One, two, and three stars denote significance levels at 10%, 5%, and 1%, respectively. ∆RMSE is the RMSE difference between the unconditional forecast and the conditional forecast for the same sample/forecast period. Positive numbers signify superior out-of-sample conditional forecast. MomentumGap is the difference between the 75th and 25th percentiles of the distribution of cumulative stock returns from month t − 12 to t − 2. MarketReturn is the lagged three-year return on the CRSP value-weighted index. MarketVolatility is the lagged three-year monthly return volatility of the CRSP value-weighted index.
MarketIlliquidity is the lagged value-weighted average of the Amihud (2002) This table presents results from country-specific predictive regressions of the form r t = a + b · M omentumGap t−1 + t . At the beginning of each month t, stocks are sorted into five quintiles based on their cumulative returns from month t − 12 to t − 2. MomentumGap is the difference between the 75th and 25th percentiles of the distribution of cumulative stock returns from month t − 12 to t − 2. The dependent variable is the regional Fama and French (1993) three-factor adjusted return of the momentum strategy, which buys past winners (top quintile) and sells past losers (bottom quintile). The adjusted return is defined as the sum of α and the fitted value of t in the full-period regression in Equation (3). Two-sided bootstrapped p-values are in brackets. The sample period is July 1989 to August 2013. 
At the beginning of each month t, stocks are sorted into ten portfolios based on their cumulative returns from month t − 12 to t − 2. MomentumGap is the difference between the 75th and 25th percentiles of the distribution of cumulative stock returns from month t − 12 to t − 2. DIV is the lagged dividend yield of the CRSP value-weighted index. DEF is the lagged default spread. TERM is the lagged term spread. YLD is the lagged short-term interest rate. MP is the lagged industrial production growth. In Panel A, the dependent variable is the Fama and French (1993) three-factor adjusted return of the momentum strategy, which buys past winners and sells past losers. In Panel B, the dependent variable is the adjusted return of the long leg of the momentum strategy, which buys past winners and sells the market portfolio. In Panel C, the dependent variable is the adjusted return of the short leg of the momentum strategy, which buys the market portfolio and sells past losers. The adjusted return is defined as the sum of α and the fitted value of 
WMLInstitutionalOwnership is the percentage difference in aggregate institutional ownership between past winners and losers. LMWShortInterest is the percentage difference in aggregate short interest between past losers and winners. MomentumGap is the difference between the 75th and 25th percentiles of the distribution of cumulative stock returns from month t − 12 to t − 2. MomentumGap⊥ is the residual from regressing MomentumGap on MarketReturn, MarketVolatility, MarketIllquidity, the dividend yield, default spread, term spread, short-term interest rate, and industrial production growth. t-statistics are computed using heteroskedasticity-and-autocorrelation-consistent standard errors of Andrews (1991) and are in parentheses. The sample period is March 1980 to June 2012. Panel B presents results from time series regressions of the form
MomentumReturn is the return to the momentum strategy. MarketReturn is the return on the CRSP valueweighted index. t-statistics are computed using heteroskedasticity-consistent standard errors of White (1980) and are in parentheses. The sample period is March 1927 to December 2012. This table presents higher moments of returns to the momentum strategy by the lagged momentum gap. At the beginning of each month t, stocks are sorted into ten portfolios based on their cumulative returns from month t − 12 to t − 2. "Long+Short" represents the momentum strategy, which buys past winners and sells past losers. "Long" represents the long leg of the momentum strategy, which buys past winners and sells the market portfolio. "Short" represents the short leg of the momentum strategy, which buys the market portfolio and sells past losers. MomentumGap is the difference between the 75th and 25th percentiles of the distribution of cumulative stock returns from month t − 12 to t − 2. All returns are in logs. Panel A presents the results for skewness. Panel B presents the results for kurtosis. Two-sided bootstrapped p-values are in brackets. The sample period is 1926 to 2012. Following Fama and French (1997) , each stock is assigned to an industry portfolio at the end of June each year based on its four-digit SIC code at that time. At the beginning of each month t, these industries are sorted into five portfolios based on their cumulative returns from month t − 12 to t − 1. MomentumGap is the difference between the 75th and 25th percentiles of the distribution of cumulative stock returns from month t − 12 to t − 2. MarketReturn is the lagged three-year return on the CRSP value-weighted index. MarketVolatility is the lagged three-year monthly return volatility of the CRSP value-weighted index. MarketIlliquidity is the lagged value-weighted average of the Amihud (2002) stock-level illiquidity measure for all NYSE and AMEX stocks. In Panel A, the dependent variable is the Fama and French (1993) three-factor adjusted return of the industry momentum strategy, which buys past winner industries and sells past loser industries. In Panel B, the dependent variable is the adjusted return of the long leg of the industry momentum strategy, which buys past winner industries and sells the market portfolio. In Panel C, the dependent variable is the adjusted return of the short leg of the industry momentum strategy, which buys the market portfolio and sells past loser industries. The adjusted return is defined as the sum of α and the fitted value of t in the full-period regression in Equation (3). Two-sided bootstrapped p-values are in brackets. The sample period is June 1926 to December 2012. Following Fama and French (2008) , Micro stocks are below the 20th percentile of NYSE market capitalization, Small stocks are between the 20th and 50th percentiles, and Big stocks are above the median. Stocks are also sorted (independently) into momentum quintiles using breakpoints calculated from NYSE Small and Big stocks. MomentumGap is the difference between the 75th and 25th percentiles of the distribution of cumulative stock returns from month t − 12 to t − 2. MarketReturn is the lagged three-year return on the CRSP value-weighted index. MarketVolatility is the lagged three-year monthly return volatility of the CRSP value-weighted index. MarketIlliquidity is the lagged value-weighted average of the Amihud (2002) stocklevel illiquidity measure for all NYSE and AMEX stocks. In Panel A, the dependent variable is the Fama and French (1993) three-factor adjusted return of the momentum strategy that buys Micro winners and sells Micro losers. In Panel B, the dependent variable is the adjusted return of the momentum strategy that buys Small winners and sells Small losers. In Panel C, the dependent variable is the adjusted return of the momentum strategy that buys Big winners and sells Big losers. The adjusted return is defined as the sum of α and the fitted value of t in the full-period regression in Equation (3). Two-sided bootstrapped p-values are in brackets. The sample period is 1926 to 2012. Lee and Swaminathan (2000) , stocks are independently sorted into three trading volume groups and momentum quintiles using NYSE breakpoints. MomentumGap is the difference between the 75th and 25th percentiles of the distribution of cumulative stock returns from month t − 12 to t − 2. MarketReturn is the lagged three-year return on the CRSP value-weighted index. MarketVolatility is the lagged three-year monthly return volatility of the CRSP value-weighted index. MarketIlliquidity is the lagged value-weighted average of the Amihud (2002) stock-level illiquidity measure for all NYSE and AMEX stocks. In Panel A, the dependent variable is the Fama and French (1993) three-factor adjusted return of the momentum strategy that buys low volume winners and sells low volume losers. In Panel B, the dependent variable is the adjusted return of the momentum strategy that buys medium volume winners and sells medium volume losers. In Panel C, the dependent variable is the adjusted return of the momentum strategy that buys high volume winners and sells high volume losers. The adjusted return is defined as the sum of α and the fitted value of t in the full-period regression in Equation (3). Two-sided bootstrapped p-values are in brackets. The sample period is 1926 to 2012. This table presents results from predictive regressions of the form r t = a + b · M omentumGap t−1 + c · D t−1 + t . At the beginning of each month t, stocks are sorted into ten portfolios based on their cumulative returns from month t − 12 to t − 2. Unless a control is specified, MomentumGap is the only predictor variable, so only its coefficients and p-values are shown. In the column "Long+Short", the dependent variable is the Fama and French (1993) three-factor adjusted return of the momentum strategy, which buys past winners and sells past losers. In the column "Long", the dependent variable is the adjusted return of the long leg of the momentum strategy, which buys past winners and sells the market portfolio. In the column "Short", the dependent variable is the adjusted return of the short leg of the momentum strategy, which buys the market portfolio and sells past losers. Row 1 shows the baseline results that are also reported in Table 3 . Row 2 and Row 3 show results of the same analysis for two halves of the sample period. Row 4 considers the case when observations from 1932 and 2009 are excluded. In Row 5, past winners and losers are redefined to be stocks in momentum deciles 9 and 2, respectively. Row 6 shows results for the risk-managed momentum strategy. In Row 7, I control for the VIX. In Row 8, I control for factor return dispersion, which is calculated as the lagged three-month moving-average of the cross-sectional standard deviations of returns across the 100 Fama-French portfolios formed on size and book-to-market. The adjusted return is defined as the sum of α and the fitted value of t in the full-period regression in Equation (3). Two-sided bootstrapped p-values are in brackets. The sample period is 1926 to 2012. Fama and French (1993) three-factor adjusted returns of the momentum strategy by lagged factor return dispersion (FRD). At the beginning of each month t, stocks are sorted into ten portfolios based on their cumulative returns from month t − 12 to t − 2. "Long+Short" represents the momentum strategy, which buys past winners and sells past losers. "Long" represents the long leg of the momentum strategy, which buys past winners and sells the market portfolio. "Short" represents the short leg of the momentum strategy, which buys the market portfolio and sells past losers. FRD is the lagged threemonth moving-average of the cross-sectional standard deviations of returns across the 100 Fama-French portfolios formed on size and book-to-market. MomentumGap is the difference between the 75th and 25th percentiles of the distribution of cumulative stock returns from month t − 12 to t − 2. All returns are in logs. In Panel A, a one-way sort is performed using FRD. In Panel B, a two-way sort is performed: first by MomentumGap, then by FRD. The adjusted return is defined as the sum of α and the fitted value of t in the full-period regression in Equation (3). t-statistics are in parentheses. Two-sided bootstrapped p-values are in brackets. The sample period is 1926 to 2012.
